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Abstract 
The occurrence of discolored drinking water at customers’ taps, which is mainly caused by the deposition and release of iron (Fe) 
and manganese (Mn) in water distribution networks (WDNs), is a major worry for both customers and water companies. In this 
paper, two hierarchical fuzzy inference systems (FISs) to predict Fe and Mn accumulation potential in WDNs were developed. 
They were also able to indicate the causes of Fe and Mn accumulation potential failures. The FISs could be of great benefit to 
water resource engineers and drinking water supply companies in managing water discoloration. 
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1. Introduction 
The occurrence of discolored water at customers’ taps is a major worry for both customers and water companies. 
Discolored drinking water is mainly caused by the deposition and release of iron (Fe) and manganese (Mn) in water 
distribution networks (WDNs) [1]. Increased Fe and Mn accumulation in WDNs can cause aesthetic problems such 
as giving water unpleasant metallic taste and leaving stains on laundries. It has also been found that increased Mn 
concentrations in drinking water can reduce the intellectual functions of children [2]. In the United Kingdom, 
increased Fe and Mn concentrations in WDNs can lead to penalization by the Drinking Water Inspectorate (DWI) 
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and the Water Services Regulation Authority in England and Wales (OFWAT). In view of the above mentioned 
problems, there is therefore an urgent need for a model that can predict the risk of Fe and Mn compliance failures. 
A number of researchers have developed models to predict drinking water quality. However, many of these 
models do not have all the relevant variables that influence water discoloration. Most of these models use biological, 
chemical or hydraulic variables to make predictions, but not in combination. Hence they are unable to capture all the 
complex processes as water travels through WDNs. [3] developed the Prediction of Discoloration events in 
Distribution Systems (PODDS) model. This model uses shear stress to predict discoloration (turbidity) response to 
hydraulic changes in WDNs. [4] proposed a method for modelling the turbidity in water during mains flushing 
operations. They observed that the amount of turbidity generated during mains flushing is proportional to the 
velocity generated in the water main during flushing. 
Predicting and determining the causes of Fe and Mn failures cannot be determined by mathematical formulae. 
Fuzzy rule-based expert system approach or fuzzy data-driven approach will be more suitable for solving this 
problem.  Knowing the exact cause(s) of the risk will determine what appropriate measures will be taken to reduce it. 
In this paper, two hierarchical fuzzy inference systems (FIS) were developed to predict Fe and Mn accumulation 
potential for every node in a given WSZ. They are the rule-based expert FIS and the data-driven FIS. The remaining 
sections of this paper are arranged as follows: Section 2 shows how the data was prepared for the FISs. The model 
development for hierarchical rule-based expert FIS and hierarchical data-driven FIS were presented in Sections 3 
and 4 respectively. The results of the FISs were discussed in Sections 5 and 6. Lastly, the conclusion and 
recommendations were presented in section 7. 
2. Data preparation 
Data preparation is a very important step in every FIS development. The success of the FIS is highly dependent 
on how well the input and output data are represented. For instance, text input data must be converted to numeric 
form since FISs use numeric data in making predictions. Outliers, which are extreme data points that deviate so 
much from other data points, were removed from the data set. The following sections explain how the raw data were 
prepared prior to the development of the ANN model. 
2.1.  Water quality variables  
A five-year water quality data from five WSZs were used to develop the FISs. [5] method of detecting outliers 
was used to detect outliers in the data for this research. In this method, a normalized data is classified as an outlier if 
it is more than four standard deviations from the mean of all the data in a given variable. However, this method was 
slightly modified to five standard deviations to keep some of the Fe and Mn failures in the data set. In order to make 
predictions at every node, there is the need to have a base data set which consists of measured data for all the nodes. 
Since majority of the water quality variables in a given DMA was observed to have small standard deviations, it was 
therefore assumed that at any given time, concentrations of chemical and biological variables in a given DMA were 
approximately the same. With this assumption, the water quality variables at each node in a DMA were obtained by 
calculating yearly averages of these variables within that DMA. It would have been ideal to have monthly or 
quarterly averages of input water quality variables. For this to be possible, each DMA should have been sampled 
frequently. However, the available water quality data contains gaps for many months, making it impossible to use 
monthly averages or quarterly averages. 
The data for each variable were transformed between zero and one using Eqn. 2. Since increased Fe and Mn are 
the main causes of drinking water discoloration, Fe and Mn accumulation potential was used as the output variable 
for the FISs. It was derived by normalizing Fe and Mn with their respective MCLs of 200 and 50 μg/l permitted by 
the DWI and then aggregated (see Eqn. 1). This normalization was done to prevent Fe from dwarfing Mn as they 
have different magnitudes of concentrations that can cause water to discolor.  
 
ܨ݁ܽ݊݀ܯ݊ܽܿܿݑ݉ݑ݈ܽݐ݅݋݊݌݋ݐ݁݊ݐ݈݅ܽ ൌ ܨ݁ʹͲͲ ൅
ܯ݊
ͷͲ ሺͳሻ 
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ܻሺ݅ሻ ൌ ቆ ܺሺ݅ሻ െ ܺ௠௜௡ܺ௠௔௫ െܺ௠௜௡ቇሺʹሻ 
 
Where i = ith data piont; Y = transformed data; X = raw data; Xmin = minimum raw data; Xmax = maximum raw data.  
2.2. Hydraulic and pipe-related variables  
2.2.1 Maximum daily shear stress at node 
To investigate the influence of shear stress on Fe and Mn accumulation potential, a computer program was 
written as an add-on code to the Epanet software to extract maximum daily shear stress for each pipe. It can be 
mathematically expressed as Eqn (3). In view of the fact that shear stress is a pipe property, a methodology was 
devised to calculate the maximum daily shear stress at nodes. The maximum daily shear stress at a given node was 
calculated by summing the maximum daily shear stress of pipes connected to the node and divided by the number of 
pipes connected to it. Mathematically it can be expressed as Eqn. 4. 
߬௣௜௣௘ሺ௠௔௫ሻ ൌ 
ߩ݃݀ܪ
Ͷܮ ሺ͵ሻ 
 
߬௡௢ௗ௘ሺ௠௔௫ሻ ൌ 
σ ߬௣௜௣௘ሺ௠௔௫ሻ௡௜ୀଵ 
ܰ ሺͶሻ 
 
where  τpipe(max) = maximum daily shear stress in a pipe; ρ = density of water; g = acceleration due to gravity;  
H = head loss; L = length of pipe; d = diameter; τnode(max) = maximum daily shear stress at a node;  
n = the nth pipe connected to a node; N = Number of pipes connected to a node 
2.2.2 Variation of daily shear stress at node 
A program was written as an extension to the Epanet software to compute variation of daily shear stress in each 
pipe every 15 minutes for 24 hours (see Eqn. 5). Variation of daily shear stress in pipes were converted to variation 
of daily shear stress at nodes by summing the value in each pipe connected to the node and dividing by the number 
of pipes connected to it. It is expressed mathematically as Eqn. 6. 
 
߬௣௜௣௘ሺ௩௔௥ሻ ൌ ඨ
σ ሺ ௝߬ െ ߬ҧ௝்ୀଵ ሻ
ܶ െ ͳ ሺͷሻ 
߬௡௢ௗ௘ሺ௩௔௥ሻ ൌ 
σ ߬௣௜௣௘ሺ௩௔௥ሻ௡௜ୀଵ 
ܰ ሺ͸ሻ 
 
Where ߬ҧ = mean daily shear stress; τj = daily shear stress at the jth time interval; T = number of time interval;  
τpipe(var) = variation in shear stress of a pipe; τnode(var) = variation of shear stress at the node; 
N = Number of pipes connected to a node; n = the nth pipe connected to a node 
2.2.3 Water age 
The age of water in a WDN, often referred to as residence time, is the time taken for treated water to travel from 
the treatment plant to a given node. A computer program was written as an add-on code to the Epanet software to 
calculate the water age at all the nodes in the network after 72 hours of simulation. 
2.2.4 Hydraulic distance from source of water supply  
Hydraulic distance from source of water supply is the distance taken for a particle of water to travel from a 
source of water supply to a given node within a WDN. To compute this variable, a Matlab program that uses Particle 
Backtracking Algorithm (PBA) and a Shortest Route Algorithm (SRA) was written as an add-on code to Epanet.  
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2.3. Pipe-related variables  
Each pipe material in the WDNs was given a numeric value between zero and one. Plastic materials were given 
values very close to zero, while ferrous materials were given values close to one. The age of the pipes were 
transformed between zero and one using Eqn 2. 
3. Model development of the hierarchical rule-based expert FIS 
Water companies generally set post-treatment targets of Fe and Mn concentration to about 3% of their MCLs to 
reduce the concentrations of Fe and Mn entering WDNs. However, they still experience Fe and Mn failures in 
WDNs. There are a number of factors that causes these failures to occur. They include complex chemical, biological 
and physical / hydraulic processes that occur as water travels through WDNs. Two hierarchical FIS were developed 
to capture the processes that occur in WDNs. The first FIS developed, hierarchical rule-based expert FIS, uses 
knowledge from human experts to form rules that describe the data used for the modelling. The following sections 
show how it was developed. Fig. 1 shows the structure of the hierarchical rule-based expert FIS. 
 
Fig. 1. The structure of the hierarchical rule-based expert FIS. 
3.1. Summary of expert knowledge acquired 
Knowledge acquisition is a very important step in fuzzy modelling process. It is defined as the process of 
gathering relevant information about a domain [6]. The following sections gives a summary of the knowledge 
acquired for the hierarchical rule-based expert FIS. 
3.1.1 Effect of chemical oxidation on Fe and Mn accumulation potential 
x Increase in hardness increases chemical oxidation of Fe and Mn [7]. 
x Free chlorine residual (FCR) has a positive correlation with chemical oxidation of Fe and Mn. Since it is an 
oxidising agent, it helps to chemically oxidize soluble Fe2+ and Mn2+ to insoluble Fe3+ and Mn4+.  
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x Studies by (Naylor et al., 1993) showed a negative correlation between alkalinity and corrosion. 
3.1.2 Effect of corrosion on Fe and Mn accumulation potential 
x Low corrosive materials were given values close to 0 while high corrosive materials were given values close to 1. 
3.1.3 Effect of sorption on Fe and Mn accumulation potential 
x Increase in Aluminium concentration increases sorption [8]. This is due to the formation of amorphous Al(OH)3 
with increasing aluminium concentration which tends to adsorb Fe and Mn particles.  
x Calcium has a positive correlation with sorption. [8]. 
x Colour, which is an indirect measure for total organic carbon (TOC), has a positive correlation with sorption [8]. 
3.1.4 Effect of biological oxidation on Fe and Mn accumulation potential 
x FCR has a negative correlation with biological oxidation of Fe and Mn. This is due to the killing or reduction of 
the growth of Fe and Mn oxidizing bacteria with increasing free chlorine residual levels. 
x Increasing color increases biological oxidation of Fe and Mn because colour (TOC) serves as a bioavailable form 
of nutrient for growth of the bacteria responsible for the formation of biofilms [9]. 
x Increase in water age causes an increase in biological oxidation of Fe and Mn. Stagnant water conditions promote 
the growth of bacteria, increase biological oxidation and results in the deterioration of water quality. 
x Increase in turbidity increases biological oxidation of Fe and Mn because high levels of turbidity serves as a 
shield to inhibit microorganisms from disinfection [10]. 
x Increase in phosphorus increases biological oxidation. This is because phosphorus is a bioavailable form of 
nutrients that bacteria in WDNs need for growth and production [11]. 
3.1.5 Effect of shear stress effect on Fe and Mn accumulation potential 
x Increase in maximum daily shear stress decreases Fe and Mn accumulation potential since Fe and Mn precipitates 
are unable to accumulate on the pipe walls with high maximum daily shear stress [3].  
x Increase in variation of daily shear stress decreases Fe and Mn accumulation potential.  
3.1.5 Effect of Distance effect on Fe and Mn accumulation  
x Increase in water age increases Fe and Mn accumulation potential.  
x Hydraulic distance from source of water supply has a positive correlation with Fe and Mn accumulation potential. 
3.2. The FIS development process 
The commonly used triangular and trapezoidal membership functions were used to develop the FIS [12]. The 
membership functions in all the fuzzy variables were partitioned into three linguistic categories namely; low, 
medium and high. Trapezoidal membership functions were used for medium categories. While triangular 
membership functions were used for low and high categories. The membership functions for the input variable, 
hydraulic distance from source of water supply in WSZ2 can be seen in Fig 2. 
 
Fig. 2. Fuzzy set for the variable hydraulic distance from source of water supply in WSZ2 showing the membership functions. 
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To mitigate fuzzy rule explosion while still maintaining a good system performance, a fuzzy rule reduction 
method; the union rule configuration (URC) by [13] was adopted. This method forms rules using only one 
antecedent for every consequent. 67 fuzzy rules were formulated from the knowledge acquired on variables that 
influence Fe and Mn accumulation potential. Table 1 show some of the rules used in developing the hierarchical 
rule-based expert FIS. The crisp values of the input variables were fuzzified. The fuzzy rules were aggregated using 
the summation operator. The fuzzy sets were then defuzzified into a crisp output number using the center of gravity 
method because its deterministic response curve is smooth, continuous and gives consistent results [14]. 
                Table 1. Some of the rules used in the hierarchical rule-based expert FIS. 
Rule Number Rule 
1 If alkalinity is low then chemical oxidation is high 
2 If alkalinity is medium then chemical oxidation is medium 
3 If alkalinity is high then chemical oxidation is low 
4. Model development of the hierarchical data-driven FIS 
The second FIS developed, hierarchical data-driven FIS, uses data-driven approach to optimise the fuzzy rules 
and weights. It has the same structure as the hierarchical rule-based expert FIS. However, the fuzzy rules and 
weights were generated automatically. The modelling data from each of the five WSZs were randomly divided into 
two. 80% of the data from each WSZ were used to train the FIS and the remaining 20% for testing it. Using the 
combined measured data for all the 5 WSZs, another FIS was developed. 
Genetic algorithm (GA) was used for the optimization. GA is a type of evolutionary algorithm that mimics the 
natural selection process for a solution from a number of possible solutions. It is an iterative process that starts with a 
randomly generated population. The population of each iteration is known as a generation. During each iteration, the 
fitness of every member in the population is evaluated. Just like genetic process, only the fit members are randomly 
selected from the current population to cross-over. Some of the offsprings are randomly selected for mutation. 
Mutation is a very important step in the GA process because when omitted, diversity will not be introduced into the 
population and would get stuck at a local minimum. During mutation, specific parts of the genetic materials of the 
randomly selected individual subjects are regenerated to replace lost genetic material. The process is terminated 
when the satisfactory fitness level is attained or when the maximum number of generation is reached. The algorithm 
was made to run for 20,000 generations. Mean square error (MSE) was used as the objective function (see Eqn. 7). 
The smaller the MSE value, the better the predictive power of the model. 
 
ܱܾ݆݁ܿݐ݅ݒ݁݂ݑ݊ܿݐ݅݋݊ ൌ ܯܵܧ ൌ ͳ݊෍ሺݕ௜ െݔ௜ሻ
ଶ
௡
௜ୀଵ
ሺ͹ሻ 
Where MSE =  mean square error; yi = ith predicted Fe and Mn accumulation; n = sample size               
xi = ith measured Fe and Mn accumulation;  
 
After optimising the fuzzy rules, another GA was used to optimize the weights of the rules. The FIS was updated 
with the optimised rules and were initially given equal weights for all the rules. The GA parameters and stopping 
conditions were defined.  Again, MSE was used to evaluate the fitness of individual subjects after every generation. 
The algorithm was made to run for 20,000 generations with the aim to achieve better fitness through the generations. 
It is terminated when the stopping conditions are met. 
5. Results and discussion of the hierarchical rule-based expert FIS  
Classification accuracy (CA) is a performance indicator widely used in confusion matrices to determine 
prediction accuracy of the various classifiers [15]. The CA of a model is the percentage ratio of the number of 
samples correctly predicted by the model to the total number of samples. The formula for calculating this 
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performance indicator is given in Eqn. 8. In general, the performance of the model increases with increasing 
classification accuracy. However, this is not always the case since it is possible for a model to give high CA even if 
it is unable to correctly predict a single value in a particular class. This problem is known as the accuracy paradox. 
To check for accuracy paradox, the percentages of each classifier correctly predicted were computed. Eqns. 9 to 11 
shows the equations used to calculate the percentages for the classifiers low, medium and high respectively. 
 
ܱݒ݁ݎ݈݈ܽܥܣ ൌ ܶ݋ݐ݈ܽݏܽ݉݌݈݁ݏܿ݋ݎ݁ܿݐ݈ݕ݌ݎ݁݀݅ܿݐ݁݀ܶ݋ݐ݈ܽ݊ݑܾ݉݁ݎ݋݂ݏܽ݉݌݈݁ݏ ൈ ͳͲͲሺͺሻ 
ܥܣሺ݈݋ݓሻ ൌ ܮ݋ݓݏܽ݉݌݈݁ݏܿ݋ݎ݁ܿݐ݈ݕ݌ݎ݁݀݅ܿݐ݁݀ܶ݋ݐ݈ܽ݊ݑܾ݉݁ݎ݋݂݈݋ݓݏܽ݉݌݈݁ݏ ൈ ͳͲͲሺͻሻ 
ܥܣሺ݉݁݀݅ݑ݉ሻ ൌ ܯ݁݀݅ݑ݉ݏܽ݉݌݈݁ݏܿ݋ݎ݁ܿݐ݈ݕ݌ݎ݁݀݅ܿݐ݁݀ܶ݋ݐ݈ܽ݊ݑܾ݉݁ݎ݋݂݉݁݀݅ݑ݉ݏܽ݉݌݈݁ݏ ൈ ͳͲͲሺͳͲሻ 
ܥܣሺ݄݄݅݃ሻ ൌ ܪ݄݅݃ݏܽ݉݌݈݁ݏܿ݋ݎ݁ܿݐ݈ݕ݌ݎ݁݀݅ܿݐ݁݀ܶ݋ݐ݈ܽ݊ݑܾ݉݁ݎ݋݂݄݄݅݃ݏܽ݉݌݈݁ݏ ൈ ͳͲͲሺͳͳሻ 
Where CA = Classification accuracy. 
 
Six hierarchical rule-based expert FISs were developed; five of them used their respective WSZs data sets for the 
modelling, while the last FIS used the combined data sets of all the five WSZs for the modelling. Table 2 shows the 
performance of the six hierarchical rule-based expert FISs. It was observed that all the six FISs had low 
classification accuracy. They were also unable to predict the high classified values of Fe and Mn accumulation 
potential very well. The high classified values of Fe and Mn accumulation potential correctly predicted ranged from 
0 to 16.28%. They also had relatively high MSE. There are two main reasons for the poor performances of the rule-
based expert FISs. Firstly, the system rules may vary slightly for every WSZ. Thus, the influence of some variables 
that contribute to Fe and Mn accumulation may vary slightly for every WSZ. Secondly, the narrow range of the 
knowledge-base by most expert systems makes them gave poor predictions in new situations outside this range.   
                        Table 2. The performance of the six hierarchical rule-based expert FISs. 
Performance indicator WSZ1 WSZ2 WSZ3 WSZ4 WSZ5 WSZAll 
Overall CA (%) 51.64 54.68 58.33 48.84 55.10 56.07 
CA - low (%) 66.49 75.15 67.15 57.65 62.13 71.74 
CA - medium (%) 23.44 21.43 23.08 43.55 13.33 16.99 
CA - high (%) 15.38 16.67 0.00 16.28 0.00 11.11 
Mean square error 0.0782 0.0836 0.0586 0.0724 0.0804 0.1585 
Sample size 275 267 168 301 314 1327 
6. Results and discussion of the hierarchical data-driven FIS  
Table 3 shows the performance of the six hierarchical data-driven FISs. The MSE of the FISs were recorded 
during the first generation of the rules optimization and after the rule optimization was completed. It was observed 
that for all the six FISs, the optimization was able to reduce the MSEs. This is an indication that the optimization 
successfully improved their performances. Likewise, it was observed that the performances of all the FISs were 
further improved after the weights assigned to the fuzzy rules were also optimized. For instance the MSE of the FIS 
for WSZ2 reduced from 0.0795 to 0.0263 after the rules and weights optimization. This is an indication of a good 
model performance. It was also observed that the FIS for the combined data set gave relatively poor prediction. This 
could be due to the fact that Fe and Mn accumulation are formed under slightly different conditions for each WSZ. 
Therefore, combining the data sets resulted in having too many sources of water supply which confused the training 
process and subsequently gave relatively poor predictions. 
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                         Table 3. The performance of the six hierarchical data-driven FISs. 
Performance indicator WSZ1 WSZ2 WSZ3 WSZ4 WSZ5 WSZAll 
MSE after first generation 0.0826 0.0795 0.0766 0.0813 0.0766 0.0784 
MSE after rules optimisation 0.0639 0.0301 0.0498 0.0589 0.0639 0.0542 
MSE after weights optimisation 0.0436 0.0263 0.0407 0.0539 0.5907 0.0475 
Overall training CA (%) 70.95 69.91 65.49 66.41 76.40 68.21 
Overall testing CA (%) 69.77 68.29 65.38 57.78 68.09 62.19 
Testing CA - low (%) 75.00 83.33 68.42 76.92 75.00 77.78 
Testing CA - medium (%) 62.50 22.22 66.67 26.67 20.00 15.63 
Testing CA - high (%) 57.14 75.00 50.00 50.00 50.00 32.00 
Training sample size 232 226 142 256 267 940 
Testing sample size 43 41 26 45 47 201 
 
Figure 3 shows the testing data confusion matrix after predictions from the hierarchical data-driven FIS for 
WSZ2. The model was able to correctly predict 83.33%, 22.22% and 75% of its low, medium and high classified 
values respectively. The overall classification accuracy on the testing data set of 75.76% makes the hierarchical data-
driven FIS for WSZ2 a good model which will make good predictions on new data sets. 
 
 
Fig. 3. The testing data confusion matrix after predictions from the hierarchical data-driven FIS for WSZ2. 
The developed FISs have the ability to backtrack from the output node, through the intermediate nodes, to the 
input nodes and indicates which intermediate nodes and input variables cause high risk of Fe and Mn accumulation 
potential. Fig. 4(a) shows a risk map of predicted Fe and Mn accumulation potential for WSZ2 in 2005 generated by 
the hierarchical data-driven FIS. While Fig. 4 (b) shows a risk map of its corresponding measured Fe and Mn 
accumulation potential the same year. Three service reservoirs (labelled A, B and C) supply WSZ2 with water. 
Comparing the measured and predicted risk maps, it was observed that most of the regions in the network with high 
measured risk of Fe and Mn accumulation potential were also predicted as high risk regions by the model. It was 
observed that DMA2-02 (highlighted in black circle) which receives water from service reservoir A had low Fe and 
Mn accumulation potential that 2005. This was mainly due to low biological oxidation of Fe and Mn that year. The 
low biological oxidation of Fe and Mn was due to very low phosphorus concentrations; a bioavailable form of 
nutrient that bacteria in WDNs need for growth and production [11]. 
DMA2-16 (highlighted in black rectangle) receives water from service reservoir A (see Fig. 4(a)). There were a 
number of factors that contributed to the high Fe and Mn accumulation potential at this DMA. Tracing from the 
output node to the intermediate nodes showed that high values of the intermediate nodes; biological oxidation and 
hydraulic effect, were the main causes of the high risk experienced in this region. Further backtracking from the 
hydraulic effect intermediate node to the input nodes showed that high values of the variables hydraulic distance 
                                          Predicted 
  
Low Medium High 
Low  20 2 2 
Medium 1 2 6 
High 0 2 6 
M
ea
su
re
d 
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from service reservoir A and average water age contributed to the high Fe and Mn accumulation potential observed 
at DMA2-16. In addition, high levels of phosphorus, turbidity and average water age all contributed to increased Fe 
and Mn accumulation potential at DMA2-16 as explained in Section 3.1. 
Service reservoir A in Fig. 4(a) supplies water to DMA 2-13 (highlighted in black square). It was observed that 
nodes in this DMA had very low Fe and Mn accumulation potential. The low risk levels experienced in this region 
can be attributed to low intermediate values of hydraulic effect, biological oxidation, chemical oxidation and 
corrosion. Tracing the intermediate nodes back to the input nodes, it was observed that the low values of hydraulic 
effect was as a result of low average water age and short hydraulic distance from service reservoir A. In general, it is 
known that low water age and short hydraulic distance from source of water supply reduces Fe and Mn accumulation 
potential. The short retention time of water under these conditions prevents disinfectants such as chlorine from 
dissipating, which helps to prevent microbial growth and eventually leads to the reduction of biological oxidation of 
Fe and Mn. Very low levels of color, which is an indirect measure of TOC, were observed at DMA 2-13 in 2005. It 
was the lowest level recorded from 2005 to 2009 for the entire WSZ2. Since carbon is the main bioavailable form of 
nutrients for the bacteria responsible for oxidizing Fe and Mn, low concentrations of it reduces microbial growth and 
subsequently reduces biological oxidation of Fe and Mn [11]. The low values of corrosion and chemical oxidation 
levels observed is as a result of high alkalinity concentrations; which is known to have a negative correlation with 
them [16]. 
  
 
Fig. 4. Risk maps showing (a) predicted Fe and Mn accumulation potential (b) measured Fe and Mn accumulation potential and (c) customer 
complaints at WSZ2 in 2005. 
Comparing the predicted risk map with customer complaints risk map for WSZ2 in 2005, it was observed that 
most of the regions in the network with high predicted Fe and Mn accumulation potential also had high customer 
complaints (see Fig. 4 (a) and (c)). A significant number of high risk nodes predicted by the FIS in the region 
highlighted in black rectangle also had high number of customer complaints. It was observed that a few number of 
high risk nodes were predicted by the FIS in the regions highlighted with black circle and hexagon. Similarly, there 
were few number of customer complaints observed in the same regions. There were no high risk nodes predicted by 
the FIS in the region highlighted with black square  in 2005. Likewise, there were no customer complaints in the 
same region that year. The region highlighted with black oval had high customer complaints in 2005. However, the 
FIS predicted many medium risk nodes and a few high risk nodes in the region that year. The customers may have 
complained as a result of water discoloration from hydraulic events such as pipe burst or opening of fire hydrants 
during flushing exercises, which were not included in the FIS.   
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7. Conclusion and recommendations 
Two FISs were developed to predict Fe and Mn accumulation. The hierarchical rule-based expert FIS gave 
relatively poor results because the same rules were used in the prediction for each of the WSZ. Since Fe and Mn 
accumulation are formed under slightly different conditions for each WSZ, using the same expert system rules and 
weights for each of the WSZ may not be an accurate representation of the FIS. The second FIS, the hierarchical data-
driven FIS, used GA to optimize its rules and weights. It was observed that the hierarchical data-driven FIS gave 
better predictions than the hierarchical rule-based expert FIS. The developed hierarchical data-driven FIS are also 
able to determine the location of the high risk regions by generating risk maps that can predict Fe and Mn 
accumulation potential for every node in the WSZs. It is also able to automatically indicate which intermediate 
nodes and input variables contribute to high risk of Fe and Mn accumulation potential. Comparing the predicted risk 
maps generated to the measured risk maps, it was observed that most regions with high predicted Fe and Mn 
accumulation potential also had high measured Fe and Mn accumulation potential. The developed hierarchical data-
driven FIS could be of great benefit to water resource engineers and drinking water supply companies by using it as 
an important tool to identify high Fe and Mn accumulation potential risk regions and also explain the causes the risk. 
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